In the context of the metabolic theory of ecology (MTE), the activation energy (E) reflects the temperature dependence of metabolism and organism performance in different activities, such as calling behavior. In this contribution we test the role of temperature in affecting local amphibian community structure, particularly the number of species engaged in calling behavior across a temperature gradient. Toward this aim, we compiled phenological calling activity for 52 Neotropical anuran communities. For each community we estimated the activation energy of calling behavior (E), finding values significantly higher than previous reports. A wide range of methodological issues with the potential to produce overestimated E-values were shown to have no significant effect on reported E-values, supporting a biological interpretation of their high values and of geographic trends. Further, a path analysis related variation in E among communities with communities' phylogenetic structure, local environmental conditions, richness, and seasonality. The decrease of activation energy at higher latitudes and less productive environments suggests that amphibians' activity could become more dependent of internal individuals' resources once external sources are reduced. The increase in phylogenetic attraction with latitude points to a rise in the role of niche conservatism and community filtering operating over conserved traits. Finally, flexibility in activation energy related to amphibians' calling could be an important and poorly recognized determinant of their thermal dependence. The temporal structuring of amphians' communities was related here with the interplay between ecological and evolutionary processes operating at different scales. Our results support the view of activation energy as an important parameter of biodiversity organization, which unravels the effects of ecological and evolutionary processes on biodiversity structure and function.
Introduction
One of the major challenges of the metabolic theory of ecology (MTE) is to provide understanding of local community patterns (Marquet et al. 2004a , Tilman et al. 2004 . Indeed, although metabolic approaches have been used to understand local community patterns associated with size distributions and density scaling relationships (Brown and Maurer 1986 , Marquet et al. 1990 , 2004a , Marquet and Taper 1998 , Enquist et al. 2009 ) the fundamental questions of the regulation of species richness, distribution of abundance, and coexistence still remain unresolved (Storch 2012 , Brown 2014 . One of the fundamental parameters of MTE is the activation energy (E) of metabolism (B T ) that expresses the temperature dependence of metabolic rates B T ≈ exp(E/kT), where k is Boltzmann's constant (8.62  10 5 eV K 1 , Gillooly et al. 2001) and T is temperature in degrees Kelvin. Using MTE's canonical equation it has been possible to link changes in environmental temperature with a variety of biologically important processes such as metabolism (Gillooly et al. 2001 ), mutation rate (Gillooly et al. 2005 , Allen and Gillooly 2006 , speciation rate (Allen and Gillooly 2006) , species lifetime (Munch and Salinas 2009) , and species richness (Allen et al. 2002) . Empirical evidence suggests that the activation energy (E) could capture relevant information about the energetic relationship between organisms and their environment (Gillooly et al. 2001 , Brown et al. 2004 ) by making explicit the temperature dependence of organism performance, constrained by their physiology and environment (Stegen et al. 2009 , Dell et al. 2011 . In this sense, the analysis of changes in E along natural gradients, as well as across populations and species, could provide novel insights about the determinants of biodiversity structure and function, and its dependence on ambient temperature (Stegen et al. 2009 ). Indeed, the recently reported variation in E among higher taxa (Caruso et al. 2010 , Ehnes et al. 2011 suggests that a species' evolutionary history could affect how sensitive a species is to environmental temperature variation.
A main component of community structure closely related with ambient temperature is the seasonal variation in the number of species that are observed performing some behavior -i.e. phenology. Organisms have evolved vital activities coupled to specific times of year (Emerson et al. 2008) . Specifically, phenologies were proposed to originate for seasonal resource tracking, predator avoidance, pollination success, physiological constraints, and/or temporal partitioning of resources (Morin 1999 , Sandvik et al. 2002 , Kronfeld-Schor and Dayan 2003 , Bradshaw and Holzapfel 2007 . The recognition of the roles of phenology on ecosystem diversity and functioning, as well as the limitations of ecological theory to account for observed patterns, has positioned its study as a frontier topic in the context of global change (Forrest and Miller-Rushing 2010 , Jenouvrier and Visser 2011 , Pau et al. 2011 , Steen et al. 2013 , Scheffers et al. 2016 .
The phenological trends in anuran calling activity have been thoroughly studied for over half a century (Blair 1961 , Inger 1969 , Crump 1974 and as expected for ectotherms, environmental temperature is considered as one of the main drivers of anuran phenologies (Bradshaw and Holzapfel 2007, Steen et al. 2013) . In consequence, different authors have explored correlation between the mean monthly ambient temperature and the number of species engaged in calling activities (Saenz et al. 2006 , Boquimpani-Freitas et al. 2007 , Both et al. 2008 , Canavero et al. 2008 . The mating call of anurans is an energetically costly behavior whose frequency, power, and duration conform to predictions of MTE (Wells 2007 , Gillooly and Ophir 2010 , Ziegler et al. 2016 . Thus, we considered anurans as an appropriate group to obtain insights on this community-level phenological phenomenon through the novel perspective provided by the MTE (Brown et al. 2004) .
In this article, we compiled information on the phenological calling activity of Neotropical anuran local communities. For each one we estimated the activation energy of calling behavior E -the thermal dependency of the total number of species calling within each local community -from a metabolic model. Then we analyzed the relationship between the activation energy E connecting the number of amphibian species that were calling in each community with environmental gradients related to available energy (e.g. latitude, NDVI, PET), and the phylogenetic similarity of the species composing the local communities. We found relatively high activation energies, which were related with communities' phylogenetic structure, local environmental conditions, richness, and seasonality. The decrease of activation energy at higher latitudes and less productive environments suggests that amphibians' activity could become more dependent of internal individuals' resources once external sources are reduced. Further, the increase in phylogenetic attraction with latitude points to a rise in the role of niche conservatism and community filtering operating over conserved traits.
Material and methods
We compiled published data on phenological activity patterns for 52 Neotropical anuran communities. Each phenology involves the number and identity of species calling per month. This compilation includes 361 species from 50 genera, with local community richness ranging from 9 to 39 species, periods of activity lasting between 8 and 24 months, along a latitudinal gradient varying between 7° and 34°S ( Fig. 1 and Table 1 ). The methodologies and scales used to assess the phenological structure of each community were similar: surveys of one to five nights per month recording the presence of anuran species based on their calling behavior (Heyer et al. 1994) .
A sinusoidal function was fitted to each of the 52 communities:
where S a is number of species that call in a particular month (Canavero et al. 2008 (Canavero et al. , 2009 ). We retain the parameter S amp , which estimates the amplitude of the temporal variation in richness and is used here for the analysis of geographic trends in anurans phenologies. For each community, we obtained information about environmental productivity (NDVI, normalized difference vegetation index), potential evapotranspiration (PET), coefficient of variation in annual precipitation (P CV ), annual precipitation (Rain), coefficient of variation in mean monthly temperature (T CV ), annual mean temperature (T amean ), maximum temperature of hottest month (T max ), and minimum temperature of coldest month (T min ) from Hijmans et al. (2005) and Rangel et al. (2006) .
The analysis of observed activation energies E comprises three stages. First, the global information about E values was assessed with a mixed effects model in which the source community was modeled as a random effect. Second, local E values were estimated and the distribution of E values was compared with those calculated by recent reviews for other ecological rates. Third, local variation in activation energy among communities was related with communities' phylogenetic composition, and biotic and abiotic conditions.
Global trend in activation energy
Three linear mixed effects models were fitted by restricted maximum likelihood estimation (REML) with 717 observations (number of species that call in a specific month) in 52 groups (communities) (Zuur et al. 2009 ). These three linear models included as an independent variable the reciprocal temperature in Kelvin multiplied by Boltzmann's constant (k), and as dependent variables the natural logarithm of the number of calling species per month (for more details of the models and fitting, see below). Models included community identity as a random effect, considering a random intercept, a random intercept and slope. Models were ranked on the basis of their Akaike's information criterion values (AIC) (Zuur et al. 2009 ). Model performances were contrasted with the AIC and differences in AIC values greater than 2.0 were deemed significant (Hilborn and Mangel 1997, Richards 2005) . All linear mixed effects models were done using the nlme package in R ver. 2.15.2 (Pinheiro et al. 2013 ).
Estimating local community activation energy
The estimation of activation energy could be affected by several methodological problems, which could bias our comparison against previously reported values of E. With this in mind we considered several sources of bias on our estimates of E, including: 1) the effect of local richness and the impact of working with absolute or relative richness (Supplementary material Appendix 1); 2) the effect of the range of temperatures evaluated; 3) the fit of nonlinear model (i.e. untransformed) versus log-transformed, log (S  c) local community richness data; 4) the impact of the value of c used in the log-transformation; and 5) the potential impact of autocorrelation in residuals.
The putative effect of local community richness on the estimation of activation energy was evaluated by a mathematical argument (Supplementary material Appendix 1). We found that species richness only affects the intercept estimation of the metabolic model and has no effects on the estimation of the activation energy (E). An additional point of concern is the potential increase in the uncertainty associated with the estimation of E when the range of temperatures is narrow. This point was evaluated by exploring the association between the standard error associated with E, with the range of temperatures used in the estimation.
We fitted a metabolic model, lnS a  -E  1/kT  C (Allen et al. 2002) , to anuran phenological data (S a , species richness of calling males each month; k is Boltzmann's constant (8.62  10 5 eV K 1 , Gillooly et al. 2001) ; T, mean monthly temperature). We considered the fit of a non-linear model avoiding data transformation (O'Hara and Kotze 2010). However, as shown in the results section, these models had a poor performance on convergence and large error terms. Consequently, we worked with log-transformed data (Allen et al. 2002) . In order to deal with observations of zerorichness on log-transformed data, a constant has to be added (Legendre and Legendre 2012) . This constant may have the same order of magnitude as the significant digits of the variable to be transformed; for species richness this produces the classical transformation log(S  1) (Legendre and Legendre 2012) . We further considered the performance of other values for the constant, such as 0.1 and 2. The alternative of excluding zero-values was not considered here because these are structural zeroes, that is, they are part of the biological phenomena under investigation, chiefly observed at low temperatures. Activation energies estimated from log-transformed data and non-linear fits were also compared with a Kolmogorov-Smirnov and a paired t-test.
An additional matter of concern is that the estimations of parameter E from time series could be biased because of a lack of independence of residuals or non-linear association between log(S) and 1/KT (Pawar et al. 2016 ). Independence was evaluated with a Pearson's autocorrelation for each time series and contrasting the estimated E values in models with or without a temporal variable that accounted for the autocorrelation. Non-linearity was evaluated considering a polynomic regression, estimating the Akaike weight of evidence for the polynomic model and the linear alternative (Burnham and Anderson 2004, Johnson and Omland 2004) . . Where R is the set of alternative models and ΔAIC the difference between each model and the best model. Akaike weights could be interpreted as the probability that a given model is the best model for the data (Burnham and Anderson 2004) . Finally, in order to compare the distribution of E values calculated for each community (Table 1) with those calculated by a recent compilation of E values (activation energies estimated for the rise component of the temperature response curves of species interaction traits, see Table S3 in Dell et al. 2011 ), we performed a twosample Kolmogorov-Smirnov test and a paired t-test.
Evaluating the variation in community activation energy
We performed a path analysis in order to evaluate a causal connection between environment, diversity, and the activation energy. We included the biological parameters estimated by the metabolic and sinusoidal models, and the set of environmental variables obtained for each locality. We used structural equation modeling (SEM) to test the overall path diagram and the significance of each single connection between variables. The path analysis was used with maximum likelihood methods and standardized coefficient. To assess the significance of the overall path model, we used a c 2 statistic computed by assessing the difference between the observed and expected covariance matrix derived from the proposed path model. A significant value (p  0.05) indicates that the data do not support the model. The explained variance for each endogenous variable is estimated as one minus the path coefficient between its associated error variable (Shipley 2000) . Because our data matrix does not present multivariate normality based on kurtosis (using the mvnorm.kur.test function of the ICS package in R ver. 2.15.2, W  27.0852, w1  0.625, df1  20.000, w2  1.000, df2  1.000, p-value  0.01), we develop the Satorra-Bentler robust estimations of the Chi-squared statistic and standard errors. It corrects excessive kurtosis, problems in which the errors are not independent of their causal non-descendants, and is important for models with latent variables.
We performed a SEM causally relating environmental conditions, activation energy, community seasonality, and local richness. Geographic trends in environmental variables are mutually correlated and are properly captured in a latent variable, which is similar to the axis of a principal component analysis (Shipley 2000) . Consequently, we considered a latent variable 'Environment' connected with NDVI, PET, and latitude. This 'Environment' variable was connected with activation energy and the amplitude of the temporal variation on community richness; which was also determined by local species richness. Finally, an effect of activation energy on the amplitude of variation in species richness was considered. We also evaluated alternative path models, including the putative role of the environment upon local species richness (S loc ); but this path connection was rejected as a plausible causal explanation of data (Supplementary material Appendix 2). All SEM models were fitted using the R-package lavaan (Rosseel 2012) .
To incorporate community phylogenetic distances in our analysis, we reconstructed the phylogeny of 361 species of Neotropical anurans (for methodological details and phylogenetic tree see Supplementary material Appendix 3). Then we estimated the mean pairwise phylogenetic distance (MPD). This index finds for each taxon in a community the average phylogenetic distance to all taxa in another community, and calculates the mean using the COMDIST module of PHYLOCOM software (Webb et al. 2008 ). Next, we compared the environmental (Euclidean distances of community environment measured as: NDVI, PET, and latitude ordered by the two first axes of a principal component analysis) and MPD distance matrices with the matrix of community activation energy distances (each distance was calculated as the activation energy of community A minus the activation energy of community B) using a simple Mantel test (10 000 permutations). Finally, we explored the link between the community activation energy, and phylogeny or environment, using partial Mantel test (10 000 permutations). In order to describe the activation energy matrix, we calculated the partial correlation with phylogeny after removing the effect of environment, and then calculated the partial correlation with environment after removing the contribution of phylogeny (Naisbit et al. 2012) .
Results
The number of species engaged in calling activities was better explained by the random intercept and slope model, which had the lowest AIC value (AIC  1407.65) in comparison with the random intercept model (AIC  1440.66) and the random effects model (AIC  1621.17). The former model presents high values of standard deviation of the intercept (28.62) and of the slope (0.74eV) showing the relevance of community idiosyncrasy (Fig. 2) . This variation in slope highlights the importance of analyzing the activation energy as a biological variable.
Out of the 52 phenological community data-series analyzed, 35 fit significantly the metabolic model, with a percentage of the explained variance ranging from 27.5 to 87.4%. We considered the case 5 (Arzabe et al. 1998) as an outlier because it presents an extreme value of E (-1.033eV). Indeed, Arzabe et al. (1998) suggested that the hydroperiod was the mayor factor influencing and maintaining assemblages of anurans in that location. So the main mechanisms operating would be the regulation of hydric demands and not temperature related. The mean and median of E values estimated is 1.80eV (standard error  0.14eV) and 1.67eV, respectively (n  34). The distribution of the activation energy shows significant differences with the right skewness distribution presented by Dell et al. (2011) for the responses of positive and negative traits associated with species interactions (two-sample Kolmogorov-Smirnov test: D  0.648, p-value  0.001). Further, the present distribution of activation energies did not differ from a normal distribution (Shapiro-Wilk test of normality: W  0.957, p-value  0.204) (Fig. 3) . The 95% confidence interval of the mean activation energy of the calling activity (1.53 to 2.08eV) excludes the empirical value of approximately 0.65eV (Huey and Kingsolver 2011) and also the range of values 0.2 to 1.2eV proposed by Gillooly et al. (2001) for a wide range of thermal dependence of amphibians. The strong support for the linear model relating log(S) and 1/KT (W.linear  0.98; Supplementary material Appendix 4) does not support an overestimation of E because of non-linear trends.
The analysis of residuals reported a significant autocorrelation in 17 of the 52 cases. So we included a temporal component to the equation (lnS a  -E  1/kT  month  C) and estimated the slope (i.e. the activation energy E). In this case eighteen models had a significant fit (p-value  0.05) and twenty-eight a marginal fit (p-value  0.1). We did not find differences between mean values of E estimated from both models using either all fitted values (Welch two sample t-test, N 1  N 2  52, t  0.966, df  101.06, p-value  0.337), or only the significant fits (Welch two sample t-test, N 1  34, N 2  28, t  0.560, df  51.484, p-value  0.578, mean 1  1.804, mean 2  1.675). Similarly, when comparing the distributions of E values, we did not find significant differences either (two-sample Kolmogorov-Smirnov test, D  0.132, p-value  0.910). Based on this result, where E does not differ significantly on their mean and distribution no matter if it is estimated considering residual autocorrelation or not, we opted for the initial estimates. Finally, the standard errors associated with estimated E values were not associated with the range of temperatures involved in the estimation (F 1,49  0.031; p-value  0.86). An outlier with no significant E and very large standard error was excluded in this estimation. Further, when only significant E values were considered, a positive association between estimated E and the range of temperatures was observed (F 1,32  9.05; p-value  0.005; R 2  0.20). This contradict the expected negative association because an artifact from a unimodal rate-temperature relationship (Pawar et al. 2016) .
The non-linear models for S a frequently failed to converge, requiring very large number of iterations and evaluation of several alternative starting values to achieve convergence. Further, no difference was detected in the distribution (two-sample Kolmogorov-Smirnov test: D  0.098, p-value  0.97) and mean value (paired t 49  1.01, p-value  0.32) of E estimated with non-linear fit or logtransformed richness (log(S a  1)), but standard errors from non-linear models were significantly larger (paired t 49  4.36, p-value  0.0001) than those estimated by the linear model. However, the use of other constants (c  0.1 and c  2) determined significant deviation between E estimated with non-linear fit (paired t 49  -2.88, p-value  0.006; paired t 49  2.56, p-value  0.013) or log-transformed richness (paired t 49  -4.29, p-value  0.0001; paired t 49  6.30, p-value  0.0001). Consequently, we carried out all analyses using the log-transformed linear model adding a constant c  1, because it displays a better performance and because it is amenable of analysis with mixed models (Zuur et al. 2009 ).
The path analysis and simple and partial Mantel tests were performed with the 34 communities for which we found a significant fit to the linearized metabolic model. The path analysis model shown in Fig. 4 explained 55% of the variance in calling activation energy (E), showing the main role of the environment (represented by a latent variable constructed by NDVI, PET, and latitude) as the main driver of E. The latent variable shows a positive correlation with productivity variables (NDVI and PET) and calling activation energy; and negative correlation with latitude and calling seasonality (S amp ). This means that with an increase in latitude we find a decrease in system productivity, greater calling seasonality, ; calculated with the 34 of 52 data series with a significant fit. and smaller calling activation energy. We also found a positive connection between calling activation energy and calling seasonality. Latitude also showed significant correlation with annual mean temperature T amean (R 2  0.31, p-value  0.001, b  -0.34), coefficient of variation in mean monthly temperature T CV (R 2  0.72, p-value  0.001, b  0.78), minimum temperature of coldest month T min (R 2  0.48, p-value  0.001, b  -0.46), rain (R 2  0.32, p-value  0.001, b  36.00), and coefficient of variation in annual precipitation P CV (R 2  0.63, p-value  0.001, b  -3.76).
The simple Mantel test reported a significant association between the environmental and MPD matrices (r pearson  0.47, p-value  0.0001) (Fig. 5 top) . Similarly, the partial Mantel tests between the activation energy matrix with the environment similarity matrix after removing the effect of phylogeny was significant (r pearson  0.35, p-value  0.0001), but the correlation between the activation energy and phylogeny, after removing the effect of environment, was Figure 4 . Evaluation of the putative role of the environment and community richness on the activation energy of anuran calling activity. S loc , total number of species that call at least once in the study period; NDVI, normalized difference vegetation index; PET, potential evapotranspiration; S amp is a parameter of the sinusoidal function: S  S mean  S amp sin [2  p  (month  c)/12]; S, number of species that call in a particular month; S amp , amplitude of the sinusoidal function; S mean , mean value of S estimated from the sinusoidal function. Paths values are standardized effects. Values of 1 mean completely causal link and a value of 0 mean no causal link. Arrow width represents the strength of the causal link. In the figure was included the result of correlations of latitude as independent variable with mean annual temperature  T amean , coefficient of variation in annual temperature  T CV , minimum temperature  T min , total annual rainfall  rain and coefficient of variation in annual precipitation  P CV ; external arrows represent variances unexplained by the model, and the explained variance for endogenous variables is represented by one minus the path coefficient between its associated error variable. SRMS, standardized root mean square error. not significant (r pearson  0.08, p-value  0.154) (Fig. 5 top) . When we explored a simple Mantel test between phylogeny and activation energy matrix we found a significant association (r pearson  0.26, p-value  0.002) (Fig. 5 bottom) .
Discussion
Understanding the observed variation in activation energy (E) among organisms and environments represents a novel challenge for the MTE (Stegen et al. 2009 , Dell et al. 2011 . In this contribution we show that variance in E is associated with ecological and evolutionary processes. It has been common to analyze the variability in E by combining data from different locations that differ in area, community attributes and phylogenetic similarity, which can potentially introduce biases in the estimation of activation energies and their determinants (Price et al. 2012 , Storch 2012 , Segura et al. 2015 . Our analyses control for these potential biases by working with assemblages of locally coexisting species and explaining changes in E by considering the environments they experience and the attributes they possess. In this sense, our study provides a more ecological view of the factor affecting variability in E and at the same time overcomes previous criticisms to MTE. In particular it does this because it involves: 1) changes in community richness (i.e. number of species in activity per month) with temperature but without changes in area (Šímová et al. 2011) ; 2) a reasonable constancy in total community abundance since changes mostly reflect the proportion of active individuals (Storch 2012) ; 3) a single species pool, and thus no change in the phylogenetic structure of communities at different temperatures (generally geographical, Kaspari et al. 2004 , Algar et al. 2007 , Hawkins et al. 2007 ; and 4) changes in richness with temperature are decoupled from mutation and speciation rates, which is an alternative metabolic connection between temperature and richness (Gillooly et al. 2005 .
An important difference between previous analyses of variation in species richness in the MTE framework, and the present analysis focused on the number of calling species, should be highlighted (Allen et al. 2002) . The MTE considered the individuals' energetic demand -standard metabolic rate -and its dependence on temperature to predict trends in species richness (Allen et al. 2002 , Segura et al. 2015 . Here, the metabolic rate affected by temperature also involves the energetic expenditure of calling (Gillooly and Ophir 2010 , Ziegler et al. 2016 . Everything else being equal, predictions of MTE for the association between species richness and temperature are expected to meet when the focus is the number of species calling. Accounting for the idiosyncrasy of each system, we believe that the seasonal variation in the richness and abundance of ectotherms represents an ideal model system to study the connection between organismal energetics and community structure.
Phenological patterns could be addressed as a temporal version of the 'more-individuals' hypothesis (Gaston 2000) , where an increase in energy availability in some months of a year would lead to higher abundances of individuals (via increased reproduction and migration) and consequently more species (Gaston 2000 , Storch 2012 ). An alternative but not exclusive hypothesis considers that ectothermic species have different activation thresholds or differential tolerances to the harsh period (e.g. lower temperatures) and alternate between reduction on vital activities in unfavorable conditions and activation during favorable ones (McNab 2002 , Angilletta 2009 ). In this context, intraspecific variability in calling behavior, reflected in temporal changes in abundance within species, could be a main component of amphibians' phenology, not captured when considering species richness, which could have important implications on the estimation of E. This effect of temperature upon ectotherm abundance is important and requires further study.
Our results showed values of E (mean  1.80eV) significantly higher than what was expected by the MTE (i.e. 0.65eV or the interval 0.2-1.2eV, West et al. 1997 , Gillooly et al. 2001 , Downs et al. 2008 , meaning that amphibians' calling behavior is highly sensitive to temperature variation. This difference in activation energies could be reflecting the nature of the activity involved -reproduction (Dell et al. 2011 (Dell et al. , 2014 , or a statistical artifact related to the range of temperatures from which activations energies were estimated (Pawar et al. 2016) . We consider that our analyses discard the artifact interpretation. The source of an overestimation of E is the potential nonlinear association between log(S) and 1/KT (Pawar et al. 2016 ). This non-linearity was not observed in our dataset, where the probability of the linear model is close to 1.0 in comparison to its alternatives. Discarding non-linearity, the relatively narrow range of temperatures experienced by amphians' communities could determine an over dispersion of estimated E -large standard errors (Pawar et al. 2016) . It should be highlighted that the present dataset follows the opposite trend, with an increase in standard errors within the temperature range (Supplementary material Appendix 4 Fig. A6 ). This suggests that a biological process is reverting the statistical expectation. In this sense, the range of temperature is closely related with latitude (r-square  0.82; p  0.001) and consequently the trend in activation energy and its standard error are probably related with trends in physiological mechanisms along the latitudinal gradient. Alternative source of biases such as autocorrelation in richness and the log(S  1) transformation of data were not identified as significant determinants of reported E-values. Accordingly, it should be highlighted that while nonlinear fits could properly account for a trend on average values, it could fail to properly deal with an error structure that increases exponentially with the independent variable. Finally, our global estimation of thermal dependence (activation energy) is obtained with a mixed model that combines information from 52 datasets. Consequently, the putative effects of temperature range on accuracy and precision discard by the increase in accuracy because the mixed model is using a large amount of information and accounts for a large part of estimated errors when the general thermal dependence is assessed (Zuur et al. 2009 ). Our broad consideration of alternative sources of bias on estimated E-values and the use of mixed model with a large database suggest that the reported high activation energy for amphibians' community phenology is indeed a biological phenomenon and not a methodological artifact.
On the other hand, and further supporting a biological interpretation of the high E-values herein reported, reproduction is the largest component of the entire annual energy budget of anurans while calling behavior is tightly coupled to individual fitness (Wells 2007 . The morphological and biochemical basis of this ability is centered in the muscles of call production: trunk and laryngeal muscles, which differ from leg muscles in allowing anurans to have an intense aerobic metabolism (more aerobic fiber types, higher concentrations of mitochondria, capillaries, and enzymes) (Wells 2007) . In this context, it is not surprising that our estimations of activation energy exceed by twice the activation energies values reported for other behaviors (Gillooly et al. 2001 , Dell et al. 2011 .
Environment-diversity relationship is the result of the interplay between environmental conditions, organisms' attributes, and the effect of evolutionary history on these attributes (Marquet et al. 2004b , Shipley 2010 . Calling is an energetically expensive activity that pushes anurans to their limits and brings an opportunity to explore their physiological constraints (Wells 2007) . We found that at higher latitudes, where phenologies are more seasonal and environments have lower primary productivity, communities tend to show low E values. Apparently, organisms are coupling what the environment offers with their own metabolic demands for calling. The observed trend of reduction in E with latitude raises questions: how do anurans call in less energetic environments? Or how do anurans reduce the energetic demands of calling? In this vein, a correlation has been observed between the metabolic demand to call and the size of the muscular system of calling (Wells 2007 . So, we hypothesize that as latitude increases, there is a reduction in calling parameters (e.g. sound frequency, call rate, call duration, sound power; Ophir 2010, Ophir et al. 2010 ) associated with the downsizing of the muscular system of calling (e.g. anuran trunk muscles; Wells 2007 . Our results also show that an increase in the activation energy results in phenologies with stronger seasonality, when other abiotic variables (i.e. NDVI, PET, latitude) are fixed. If the activation energy is low, organisms can be relatively insensitive to environmental seasonality, showing low seasonality in calling phenologies.
The detected connections among communities' phylogenetic structure, environmental conditions, and activation energy is interesting in that they relate biodiversity structure and their determinants with MTE. The environmental-phylogeny association detected in the Mantel tests evidences both niche conservatisms and community filtering on conserved traits, as a determinant of amphibian communities (see also Wiens et al. 2006 , Buckley and Jetz 2007 , Gouveia et al. 2013 . Further, the environment-activation energy association supports the view of activation energy as a parameter that encapsulates main components of the relationship between energy use, environmental conditions, and organisms physiology, being a meaningful parameter at different biological levels (Brown et al. 2004 , Dell et al. 2011 . The environment-activation energy relationship suggests that species or individuals within species are actively filtered depending on their activation energies and the local environments (Violle et al. 2012) , which implies that there are limits to the flexibility in activation energy (Ziegler et al. 2011) . The ecological concept of activation energy is being reconsidered from a fixed attribute of higher taxa (e.g. amphibians) to a parameter that depends of the species involved and the traits considered (Dell et al. 2011 (Dell et al. , 2014 . Thermal dependence is a flexible trait (McNab 2002) , and the role of this flexibility on observed activation energies should be an important determinant of observed patterns.
Moving from the existence of a universal thermal dependence controlling biological processes (Brown et al. 2004, Huey and Kingsolver 2011) to address the activation energy as a variable biological trait, represents a challenge but also an opportunity for research (Stegen et al. 2009, Humphries and McCann 2014) , because this variation may reflect the ecological and evolutionary nature of the trait (Dell et al. 2011 , Huey and Kingsolver 2011 . The MTE has been combined with other theories in order to reach new insights and the understanding of the biological complexity at different levels and scales (e.g. life-history theory, the neutral theory of biodiversity, food web theory; Price et al. 2012) . In this vein, we found that incorporating the MTE to the phenological framework makes a contribution to improving our understanding of how metabolism relates to patterns and processes in local communities (Tilman et al. 2004 ).
